times less affected by the environment and their community assembly patterns were 34 generally less uniform. Further, seawater microbial community data provided an 35 accurate prediction on the environmental state, highlighting the diagnostic value of 36 microorganisms and illustrating how long-term coral reef monitoring initiatives could 37 be enhanced by incorporating assessments of microbial communities in seawater. 38
Abstract 23
Incorporation of microbial community data into environmental monitoring programs 24 could improve prediction and management of environmental pressures. Coral reefs 25 have experienced dramatic declines due to cumulative impacts of local and global 26 stressors. Here we assess the utility of free-living (i.e. seawater and sediment) and 27 host-associated (i.e. corals, sponges and macroalgae) microbiomes for diagnosing 28 environmental perturbation based on their habitat-specificity, environmental 29 sensitivity and uniformity. We show that the seawater microbiome has the greatest 30 diagnostic value, with environmental parameters explaining 56% of the observed 31 compositional variation and temporal successions being dominated by uniform 32 community assembly patterns. Host-associated microbiomes, in contrast, were five-33 seawater due to local hot-spots of available resources (31, 32) may diminish the 95 specificity of these communities. In contrast, microbial communities that dwell in 96 corals live in tight association with the most important frame-builders of reefs (29) 97
and hence may provide crucial information not only on the environmental conditions 98 but also on the effect of the environment on the coral host itself. Sponges, a highly 99 abundant and diverse component of coral reefs (33), are renowned for their 100 enormous filtration capacity (34) and form diverse and intimate associations with 101 microbial communities (35) . Hence, sponge microbiomes may provide suitable 102 indicators to monitor water quality. Host-associated biofilms, such as those inhabiting 103 replicates within each sampling time point indicated that the seawater microbial 167 communities not only exhibit an overall higher similarity "within" replicates, but the 168 high compositional similarity is conserved across all sampling events (Figure 2b ). In 169 contrast, host-associated microbial communities showed a generally lower 170 compositional similarity and higher variation between sample replicates within each 171 sampling time point (Figure 2b) . 172
Trends in the temporal community assembly pattern of free-living, host tissue-173 and biofilm-associated microbial communities were analysed using Analysis of 174 Similarity (ANOSIM) as a proxy to describe similarity patterns (R = 0 indicates equal 175 similarity "within" and "among" time point replicates and R = 1 indicates higher 176 "within" than "among" sampling time point similarities; Figure 2b and Supplementary 177 Figure 2 ). Overall, free-living microbiomes had R values closer to 1 (seawater R = value of these microbial communities; hence seawater and sediment microbiomes 191 should provide an accurate prediction of environmental variables. 192 Microbiomes in seawater (n=48) and sediment (n=48) were further tested for 193 their compositional similarity between all three sampling sites (Geoffrey Bay, Pioneer 194 Bay and Channel). The microbial community composition of sediment samples 195 varied significantly between all three sampling sites (PERMANOVA, p = 9.999 x 10 -5 , 196 10,000 permutations; Supplementary Figure 3a) . The seawater microbiome, in 197 contrast, showed high temporal variability (ANOSIM R = 0.9934, p = 0.001) and low 198 spatial variability (ANOSIM R = 0.2343, p = 0.002; Supplementary Figure 3b 
Predictability of environmental metadata 235
Due to the seawater microbiomes uniform temporal pattern and high sensitivity to 236 changing environmental parameters, the ability to infer environmental state based on 237 microbial community data was tested using an Indicator Value analysis (37) and a 238
Random Forest machine learning approach. In total, 110 zOTUs were identified as 239 significant indicators for temperature (Indicator Value p < 0.01). Microbial zOTU assemblages that were indicative of high, low and average seawater temperatures 241 (classification based on their variation around observed annual averages) were 242 present throughout the sampling period. However, higher relative abundances and 243 lower variation (as calculated by coefficient of variation) were evident at certain time 244 points ( Figure 4a ). Furthermore, we were able to identify microbial indicator taxa for 245 high and low Chl a, TSS and POC levels (Supplementary Material Figure 6 ). Sensitive and rapidly responding markers of coral ecosystem stress are needed to 280 underpin effective management and restoration strategies. In this study, we used a 281 range of statistical tests and machine learning approaches across multiple free-living 282 and host-associated reef microbiomes to assess their diagnostic value as sensitive 283 indicators of environmental state. Our results show that the microbial community in 284 reef seawater has the highest diagnostic value when compared to other free-living 285 (e.g. sediment) and host-associated microbiomes (e.g. coral, sponge and 286 macroalgae). Our conclusion is based on the microbiome's 1) habitat-specificity, 2) 287 uniformity of its community assembly, 3) sensitivity towards environmental 288 fluctuations and 4) accuracy to predict environmental parameters. This assessment of the diagnostic capacity of various free-living and host-associated coral reef 290 microbiomes to extrapolate environmental variations provides crucial information for 291 ecosystem management initiatives aimed at incorporating microbial monitoring. 292
In general, high habitat-specificity was observed across free-living and host-293 associated microbiomes, confirming previous reports on the compositional variability 294 of microbial communities between coral reef habitats (40), host species (15, 41-43) 295
and even between host compartments (44). High compositional divergence of 296 microbial communities across different reef habitats can be due to the variation of 297 available resources and/or biotic interactions (21). High habitat-specificity contributes 298 to the overall high diversity and complexity across different microbial communities on 299 coral reefs, highlighting the importance of holistic studies that focus on microbial 300
interactions across the benthic-pelagic realm. 301
Bacterial community structure associated with water and sediment is thought 302 to be primarily governed by deterministic processes (45). Our results are consistent 303 with this, showing uniform community assembly patterns within time point replicates. 304
In contrast, host-associated microbiomes displayed little compositional similarity 305 within a sampling time point, suggesting a non-uniform temporal response. Host-306 associated microbiomes were also only marginally affected by environmental 307 parameters, indicating that their community assembly pattern are variable between 308 conspecific individuals (45). A higher variability in community assembly can lead to 309 increased community heterogeneity, also referred to as dispersion, which has been 310 described as a common characteristic of host-associated microbiomes (18, (46) (47) (48) . 311
Furthermore, lower microbial compositional similarities amongst replicates may be 312 driven by increased niche space (e.g. host compartments) (44) and host genotype 313 effects (e.g. host genetics) (42). Collectively, our results show that free-living microbial communities have a higher potential to infer environmental parameters 315 (such as standard measures in environmental monitoring programs) than host-316 associated microbial communities due to their higher uniformity and environmental 317 sensitivity. Importantly however, previous metaproteomic research on reef sponges 318 has shown that while microbial community composition can appear stable when 319 seawater temperatures increase, disruption to nutritional interdependence and 320 
Indicator value analysis 498
Indicator taxa were identified with the indicator value analysis (indicspecies package 499 (37)) using the following thresholds: 1,000 permutations, minimum specificity (At) 500 and minimum sensitivity (Bt) set to 70% and p-value ≤ 0.01. 501 502
Random forest machine learning 503
Random forest machine learning was performed with the caret (82) and random 504 forest package (83) in R (78). zOTUs with non-zero abundance values in at least 505 10% of the samples (n=48) were preselected and z-score standardised prior to 506 model training. Random Forest (with n tress = 10,000) prediction error was measured 507 with out-of-bag (OOB) error. Highest accuracy (lowest OOB estimated error rate) for 508 classification was achieved with m try = 100 zOTUS and for regression with m try = 400 509 zOTUs. Importance of zOTUs was measured using the decrease in mean accuracy
Data availability 513
Sequencing data, metadata and protocols are available at the Bioplatforms Australia 514
data portal under the Australian Microbiome project (www.data.bioplatforms.com). 515
Full usage requires free registration. To search for the sequencing data, navigate to 516 "Processed data", select "Amplicon is 27f519r_bacteria" and "Environment is 517
Marine". To search for the Great Barrier Reef sampling sites, add an additional 518 contextual filter, select "Sampling Site" from the dropdown menu and search for 519 "Geoffrey Bay", "Pionner Bay" and "Channel". 
A.queenslandica
Wilcoxon, p = 0.0096
A.tenuis
Wilcoxon, p = 0.11
A.millepora
Wilcoxon, p = 0.0041 
